This paper investigates relationships between cooperation, R&D, innovation and productivity in Spanish firms. It uses a large sample of firm-level micro-data and applies an extended structural model that aims to explain the effects of cooperation on R&D investment, of R&D investment on output innovation, and of innovation on firms' productivity levels. It also analyses the determinants of R&D cooperation. Firms' technology level is taken into account in order to analyse the differences between high-tech and low-tech firms, both in the industrial and service sectors. The database used was the Technological Innovation Panel (PITEC) for the period 2004-2010. Empirical results show that firms which cooperate in innovative activities are more likely to invest in R&D in subsequent years. As expected, R&D investment has a positive impact on the probability of generating an innovation, in terms of both product and process, for manufacturing firms. Finally, innovation output has a positive impact on firms' productivity, being greater in process innovations.
Introduction
In recent years it has been concluded that innovation is a key element of productivity growth.
The seminal contribution was provided by Griliches (1979) , who showed that a single equation model was too simple for the analysis of innovation processes. This type of literature focuses on analysing the impact of technological innovations. The recent literature on industrial organizations concentrates more on strategic interactions between firms rather than on transaction costs and policy strategies. It focuses on the effects that come with business strategies. The main purpose of firms when innovating is to develop new products and processes which will enable them to increase their business share and thus be more competitive. Recently, there has been a third alternative for generating technology improvements: in addition to being able to develop through R&D activities conducted by the company itself and external R&D generated by external entities, firms are able to generate technological improvements through R&D cooperation. This R&D cooperation can develop between firms or between firms and institutions.
According to the Oslo Manual (2005) , cooperation in innovation involves active participation in joint innovation projects with other organizations. As shown by the OECD (2002), technological cooperation has been one of the main instruments used by companies when conducting R&D in the last 20 years.
Many articles investigating R&D cooperation try to explain the factors that affect the decision to cooperate, showing that the main determinants are spillovers (Cassiman and Veugelers, 2002) , size (Dutta and Weiss, 1997) , or the technological or commercial objectives of the firm (Bayona et. al 2001; Tether, 2002; Miotti and Schwald, 2003 and Becker and Dietz, 2004) .
However, few studies analysed the impact of technological cooperation on R&D intensity, innovation and business development.
When measuring the impact of technological cooperation on innovative output, the literature relates R&D cooperation with the role of knowledge sharing between R&D cooperation partners. Many empirical studies of existing side effects have focused mainly on the impact of involuntary knowledge flows on performance, which are caused by lack of cooperation, which increases competitors' stock of knowledge and can weaken the firm's position in the market in question. The existence of this kind of involuntary leakage reduces the efficiency of firms' R&D efforts as they cannot appropriate all the benefits, and this results in lower R&D investment levels. However, R&D cooperation enables firms to internalize knowledge externalities and eliminate the deterrent effect of spillovers on R&D (e.g. Amir, 2003; De Bondt, 1996; Kamien et al. 1992, and Suzumura, 1992) . Firms have incentives to manage the flow of surplus and from competitors, trying to maximize the incoming spillovers through R&D collaboration, while minimizing side effects projections through investment in protecting knowledge (Cassiman et al. 2002 and Amir et al. 2003) .
The work undertaken by Cassiman and Veugelers (2002) distinguishes two kinds of externalities: firstly, the indirect entry effect, which affects the rate of a firm's innovation, generally in the public domain, and its use for the firm, depends on the firm's capacity to create information flows from this public knowledge; and secondly, appropriation, which affects the firm's ability to appropriate the benefits of innovations. With regard to the issue of the appropriation of R&D cooperation, Cassiman and Veugelers (2002) found that the firms which were better able to appropriate the results of innovation were more likely to cooperate with clients or suppliers, but this did not affect cooperation agreements with research institutes. In the case of Spanish firms, López (2008) confirms that the main determinants of cooperation include publicly-accessible information that is introduced by side effects and the efficacy of the protection of intellectual property rights. This type of study is mainly characterized by the heterogeneity of existing models. Therefore, cooperation produces complementarities between a firm's internal and external resources which can help the partners to obtain innovative results (Miotti and Schwald, 2003 and Cassiman and Veugelers, 2002) .
Another relevant factor for cooperative strategies in R&D is the absorption capacity. This notion was introduced by Cohen and Levinthal (1989) . The concept was defined as technological opportunities, and was subsequently developed theoretically by Kamien and Zang (2000) , in which they stressed the importance of a prior stock of knowledge for effectively absorbing spillovers while cooperating. As a result, by Bayonne et al. (2001) , Fritsch and Lukas (2001) , Schwald and Miotti (2003) and Belderbos et al. (2004) , a firm's absorption capacity is listed as one of the main features of firms that cooperate. These authors concluded that firms in sectors with high technological opportunities are more willing to cooperate.
In general, the literature confirms the existence of a positive relationship between R&D cooperation and innovative results, but the effect on economic performance is not so evident.
Therefore, the main objective of this paper is to analyse the impact of cooperation projects on the input and output innovations of Spanish firms. Innovation input is measured by the intensity of R&D expenditure, while innovation output is measured by the knowledge function;
finally, the impact of innovation output on the production function can be observed. This paper aims to show the effect of having to make a cooperation agreement on future investment in R&D on the generation of knowledge and hence the firm's productivity level.
This study used the structural model developed by Crépon, Duguet and Mairesse (1998) , referred to henceforth as the CDM model, involving four stages: (i) the determinants of cooperation projects, (ii) the firm's decision to engage in sufficient effort to result in observable R&D investment and the intensity with which the firm undertakes R&D, (iii) the innovation or knowledge production function, where the knowledge takes two different forms -process and product innovations, and (iv) the output production function, where knowledge is an input.
Due to the increasing availability of micro-level innovation survey data, many authors rely on the CDM model to analyse the impact of innovation on the productivity of firms, e.g. Janz et al., 2004 This paper aims to cover at least two key aspects. Firstly, it analyses the reasons that drive firms to reach cooperation agreements. In this respect it answers questions such as what kind of companies decide to reach a cooperation agreement, whether it affects the operating sector, whether the technological intensity of the firm is an important factor, if it is relevant that the company operates internationally or exports, or whether the company has already cooperated in the past or not. Secondly, it analyses what impact this decision has on the firm's future strategies. In this case, it aims to answer questions such as: How does a cooperation agreement affect the firm's behaviour in terms of its R&D decisions? What is the relationship between cooperation and innovation? What impact does innovation have on a firm's productivity?
The study was conducted using the Technological Innovation Panel (PITEC) database for the period 2004-2010. In order to avoid endogeneity problems, all the variables were lagged by one period when estimating the cooperation equation.
The rest of the paper is structured as follows: Section 2 presents the theoretical mode; Section 3 describes the database; Section 4 presents the empirical implementation and the results obtained; and finally, Section 5 sets out the conclusions.
Model
This paper used a structural model whereby firms first decided whether to cooperate in innovation activities; it was then observed how these cooperation agreements affected R&D, innovation and productivity. This model is based on five equations: (i) the determinants of cooperation projects, (ii) the firm's decision to engage in sufficient effort to result in observable R&D investment and the intensity with which the firm undertakes R&D, (iii) the innovation or knowledge production function where the knowledge takes two different forms -process and product innovations, and (iv) the output production function, where knowledge is an input. This model is a modified version of the model by Crépon, Duguet and Mairesse (CDM, 1998 ).
The original model was also extended by introducing measures of the cooperation agreements as a first stage of the firm's decision to cooperate or not in R&D.
R&D Cooperation
In formal terms, the model can be expressed as follows. Let i=1,...,N index firms. The equation explains the determinants of cooperating in innovative activities:
where coop is a latent dependent variable corresponding to firms that decide to reach a cooperation agreement, X i is a vector of explanatory variables of participation in cooperation projects on innovative activities, δ represents the parameters of interest to estimate and µ i is the error term.
The research equation
The second step concerns a firm's research activities, modelling the process that leads the firm to decide whether or not to undertake these research projects and how much to invest in them.
However, the intensity of R&D investment can be observed if, and only if, firms actually choose to spend on R&D. Therefore the second equation is a selection equation indicating whether the firm performs R&D activities or not, and can be specified as:
where rd i is the observed binary endogenous variable that takes the value 1 if firm i has positive R&D expenditures, rd * i is a corresponding latent variable whereby firms decide to do (and/or report) R&D if it is above a certain threshold level, b, where coop i is the predicted explanatory variable of cooperation, W i is a set of explanatory variables and ε i is the error term.
The third equation represents innovation intensity, specified as:
where r * i is the unobserved latent variable accounting for a firm's innovative effort measured as the logarithm of R&D expenditure per employee, coop i is the predicted explanatory variable of cooperation, Z i is a set of explanatory variables and e i is the error term.
The innovation equation
The third stage links the research activities above to innovation output measures. Thus, the fourth equation is the innovation production function:
where g i is innovation output proxied by both product and process innovation indicators,and where the latent innovation effort r * i is an explanatory variable, X i is a vector of other determinants of knowledge production and µ i is the error term.
The productivity equation
Finally, the last step is modelled by an augmented Cobb-Douglas production function:
where y i is labour productivity, k i is physical capital per employee, g i is innovation output, h i is human capital, X i is a vector of additional control variables and v i is the error term.
This analysis includes the human capital factor because as workers become more highly trained and acquire more skills they are able to carry out their tasks more efficiently.
Data
The data used is from the Spanish Technological Innovation Panel ( 
Empirical Implementation

Empirical model
In the first stage, the cooperation equation was estimated using a Probit model of the maximum likelihood, using delayed explanatory variables for one time period. The estimated predicted value was then taken to estimate the research equations.
The determinants of a firm's cooperation in innovative activities are: firm size, belonging to a group, R&D expenditure, a dummy variable indicating whether the firm received public funding for R&D activities, a dummy variable for foreign firms, a dummy variable indicating whether the firm protected its innovations, a dummy variable indicating whether the firm exports, a dummy variable indicating whether the firm has cooperated in the past, and a set of dummy variables.
In the second stage, the system of research equations was estimated as a generalized Tobit model in a two-step process using the Heckman procedure; thus it is assumed that the correlated error e i and ε i are jointly normally distributed.
The determinants of a firm's engagement in R&D activities are: firm size, belonging to a group, investment intensity per employee, dummy variables indicating whether the firm received public funding for R&D activities, a dummy variable for foreign firms, a dummy variable indicating whether the firm protected its innovations, a dummy variable indicating whether the firm exports, and market share. The explanatory variables of R&D intensity are the same as for the engagement in R&D equation and also add a set of dummy variables for factors hampering innovations, a set of dummy variables for the different sources of information, and the predicted value of cooperation 2 obtained in equation (1) as a proxy of the probability of cooperating in innovative activities.
In the third stage, two kinds of innovation output were distinguished: process and product innovation. Each was measured by a dummy variable equal to 1 if the firm introduced at least one process (product) innovation. Thus, the innovation production function was estimated using a bivariate probit 3 by maximum likelihood, assuming both variables to be highly correlated. The determinants included the predicted value of R&D intensity obtained in equation
(3) as a proxy for innovative effort (r * i ) and a set of variables (X i ): firm size, belonging to a group, protection methods used, export activity, a dummy variable indicating whether the firm received public funding for R&D activities, investment intensity, market share, sources of 2 The cooperation variable is only available for innovative firms, which is why it could not be included in the equation (2).
3 In this regard, the process followed recent literature such as Hall et al. (2009), Masso and Valther (2008) and Piga and Vivarelli (2002) .
information, and factors hampering innovations.
In the final stage, the labour production function was estimated using a fixed effect model for panel data. Labour productivity depends on the innovation output (process and product innovation) predicted in equation (4), investment intensity, human capital and firm size.A control was also established for unobserved manufacturing characteristics and for firm size in all the equations.
In the econometric analysis, the CDM model provides a solution for the problems of biases of selectivity and endogeneity. In the case of selectivity, it would be inappropriate to consider innovative firms alone because the firms are not randomly drawn from the population and a selection bias may thus arise. The CDM model takes this situation into account by including a selection equation in the second step. In the case of endogeneity, using predicted values instead of the realized values is a way of dealing with this potential bias in the various stages of the process. It is possible that unobservable firm characteristics can affect both their innovative effort (R&D expenditure) and their efficiency in producing innovations. Table 1 shows the descriptive statistics for the main variables in the model across the different technology sectors.
Descriptive statistics
Firstly, it can be seen that the proportion of firms which decide to cooperate in innovative activities is higher in high-tech firms than it is in low-tech firms, both in the manufacturing and service sectors, especially in knowledge-intensive services (52%) and in high-tech industries (approximately 40%). It is also noticeable that firms continuous cooperation in R&D activities for at least in four years is greater in the more advanced firms in both sectors. In both variables, service sector firms show more cooperation and persistence than manufacturing firms.
Productivity is similar among high-tech and low-tech manufacturers, and is the same for the service sector. Investment intensity is higher in high-tech firms than it is in low-tech firms for both the manufacturing and service sectors. In the case of human capital, the average percent- age of employees with higher education is much higher in high-tech firms than it is in low-tech firms in both manufacturing and service sectors. Specifically, in knowledge-intensive services (high-tech industries), approximately 59% (44%) of employees have higher education.
The decision to engage in R&D activities is higher in high-tech firms than it is in low-tech firms. In particular, in knowledge-intensive services 90% of firms decide to engage in R&D activities. The R&D intensity is also greater in high-tech than it is in low-tech firms. It can be seen that the firms with more product innovations are the more advanced firms; however, in the case of process innovations the figure is highest for low-tech firms.
With regard to the protection methods used, it seems that this factor is similar across all technology levels, with the exception of the knowledge-intensive service sector where it is higher.
In terms of public funding, the number of firms that receive public support is much higher in high-tech sectors. Internal and market sources of information are the most important sources of information for innovation activities across all technology levels. Among the factors that hamper innovation, the most important are cost and market factors.
With regard to firm size, it can be seen that the manufacturing and knowledge-intensive service sectors are dominated by small firms (firms with fewer than 50 employees), followed by firms with between 100 and 249 employees. Table 2 presents the results of the estimated equations of cooperation in innovative activities. The results are presented for each technology sector in order to observe any differences.
Results
Cooperation
The numbers reported are the marginal effects of the variables considered as determinants of cooperation agreements. Almost all the variables are dummies except for R&D intensity.
Thus they take the value 1 when the factor is important to the firm and the value zero if it is unimportant. Therefore, the marginal effect is that of changing the dummy variable from 0 to 1.
Firstly, the cooperation equation shows that firms' R&D intensity, group and public funds are significantly positive with regard to engagement in cooperation projects for all levels of technology. Receiving public financial support, as expected, increased the probability of engaging in cooperation projects, above all among firms in the knowledge-intensive service and low-tech manufacturing sectors.
These results show that protecting innovative output is associated with a higher probability of cooperation, except in the case of knowledge-intensive service sectors. Also, the effect of prior experience in cooperation projects in the last three years is positive in all levels of technology, except in non-knowledge-intensive service sectors. To define the competitive position of a firm, the fact of having a foreign market is taken into account, which has a significantly positive effect on engagement in cooperation projects for knowledge-intensive service firms only.
The effect on participation in cooperation projects depends on the size of firm to which they belong. Being a high-tech manufacturing firm with 250 or more employees or being a lowtech manufacturing firm with 1,000 or more employees has a significantly positive effect on cooperation. Table 3 presents the results for equations (2) and (3). This table show the estimates of the determinants of whether a firm engages in R&D activities and the intensity of R&D investment, conditional upon a firm engaging in R&D. The results are presented for each technology sector in order to observe any differences.
Research
The numbers reported in table 3 are marginal effects. Almost all the variables are dummies except for capital intensity and market share. Thus they take the value 1 when the factor is important to the firm and the value zero if it is unimportant. Therefore the marginal effect is that of changing the dummy variable from 0 to 1.
Considering the coefficient of the predicted value of cooperation, it shows that fifty per cent of the manufacturing firms which cooperate are more likely to report engaging in R&D than firms which do not cooperate. Group membership does not seem to influence the decision to engage in R&D activities, but it is a significant factor in terms of R&D intensity, especially in manufacturing firms.
Public funding for innovation activities only shows an impact on the decision to engage in R&D activities for knowledge-intensive service firms, with a positive impact. For instance, knowledge-intensive service firms that received public funding were approximately 30% more likely to engage in R&D than firms that did not receive public subsidies. Public funding, in manufacturing and knowledge-intensive service firms, also has a positive impact on R&D intensity. It shows that low-tech industries spend more on R&D if they receive public funding.
Manufacturing firms that operate in international markets are more likely to engage in R&D, with a positive impact on R&D intensity. Also, manufacturing firms that export are more likely to engage and invest in R&D.
All firms, except non-knowledge-intensive service firms, that use methods to protect innovations are more likely to engage in R&D, but it does not seem to influence their R&D intensity.
The most important sources of information on R&D intensity are universities, public research organizations and technology centres. Their impact is more positive for manufacturing firms than for service firms. Market and other sources also show a positive impact on R&D intensity for low-tech industries and knowledge-intensive service firms.
The results in relation to investment intensity show a positive impact on the decision to engage in R&D, and a very positive impact on R&D intensity. The size of manufacturing firms also has a positive effect on participation in R&D, with larger firms being more likely to engage and invest in R&D. Table 4 shows the estimates of the knowledge production function. The first four columns show the results for product innovation and the last four columns those for process innovation. The numbers reported are again marginal effects evaluated at the sample means.
Innovation
All of the variables, except predicted R&D intensity, capital intensity and market share, are dummies; thus the coefficients show the effect of changing the dummy variable from 0 to 1. On analysing the results, it can be observed that the R&D intensity predicted by the previous equation has a positive and significant impact for high-tech manufacturing firms on product and process innovations and for low-tech manufacturing firms on product innovations only. If the differences between product and process innovations are analysed, it can be seen that the effect is higher for process innovations in high-tech industries. If a comparison is made between technology levels, it can be seen that, in the manufacturing sector, high-tech firms are more likely than low-tech firms to report an innovation, given their R&D intensity. In the case of the service sector, the results have a positive impact but are not significant for knowledge-intensive service firms.
Manufacturing firms that operate in international markets are likely to generate product innovations. Group membership and firms that export have a negative and significant impact for manufacturing firms, and protection methods and subsidies are influential in obtaining a product innovation for manufacturing firms.
As expected, the most important sources of information for both types of innovation are internal (i.e. within the firm or group). Market and other information sources also have a positive and significant impact, but less so than internal sources. Sources of information from universities, public research organizations and technology centres have a negative and significant impact on both kinds of innovation. Table 5 shows the estimates of the production function equation. This analysed the effect of innovation on a firm's productivity. In this case, the coefficients are elasticities, because the dependent variable being analysed is the logarithm of sales per employee. The first four columns report the results when the predicted values of product are included, while the last four columns show the result for process innovations.
Productivity
The findings show that both types of innovation have a positive effect on productivity for all technology levels, except the non-knowledge-intensive service sectors. It was also observed that process innovation increases productivity much more than product innovation, especially in high-tech manufacturing firms. More specifically, a high-tech manufacturing firm that generates a process innovation reports an increase in productivity of 72% compared to one of 0.7% for a product innovation. Investment intensity has a positive effect on productivity across all sectors except the knowledgeintensive service sector for product innovations. It was also observed that human capital has a positive impact on productivity in high-tech manufacturing firms. It was shown that nonknowledge-intensive service firms generate higher profits than other sectors. Finally, size has a negative impact on productivity for large firms.
This paper has investigated the causes of innovation and how they affect productivity at a corporate level using the extended CDM model. The first goal was to determine the factors that affect a firm's decision to engage in cooperation projects and how this cooperation affects future R&D expenditure. The second goal was to determine the relationship between innovation and its productivity, comparing the technology level of the firm. For this paper, the PITEC database for the period 2004-2010 was used and the sample was divided into four subsamples depending on the technology level of the firm.
The structural model describes the link between the determinants of probability of participation in cooperation agreements, R&D expenditure, innovation output (product and process) and productivity. In this particular case, it can be demonstrated that firms which decided to cooperate spent more on R&D, that this investment in R&D affected innovation output and that, in turn, this output had a positive impact on the firm's productivity.
The results are consistent with other studies and show that the main determinants of cooperation in innovative activities are public funding, whether the firm has already cooperated in the last four years, and the use of protection methods.
Cooperation has a clearly positive effect on the decision to engage in R&D activities for manufacturing and knowledge-intensive service firms; therefore, collaboration projects increase the probability of participating in R&D activities. These findings answer the main question of the paper, the conclusion being that cooperation agreements generate continuous investments in R&D. The main determinants that have a positive impact on engagement in R&D activities are the use of protection methods, export activities by manufacturing firms, and investment intensity. After a firm decides to participate in R&D projects, the intensity of these activities has a positive impact on investment intensity for all sectors, subsidies for all sectors except nonknowledge-intensive service sectors, and exports for all sectors apart from knowledge-intensive service sectors. Additionally, market share has a positive impact on R&D expenditure for lowtech manufacturing and knowledge-intensive service sectors. generate innovations. However, in contrast to previous studies, the impact is greater in relation to process innovation than it is to product innovation.
In the case of productivity, the results show that generating a product or process innovation has a positive effect on productivity for all technology levels except for the non-knowledge-intensive service sector. Specifically, process innovation increases productivity much more than product innovation, especially in high-tech manufacturing firms.
Appendix 2: Variables Definitions
Variable Name Explanation Collaborative Projects Cooperation
Dummy variable which takes the value 1 if the enterprise had some cooperative arrangements in innovation activities during t-2 to t.
Persistence Cooperation
Dummy variable which takes the value 1 if the firm cooperates continuously in R&D activities for at least four years. Innovation
R&D Engagement
Dummy variable which takes the value 1 if the firm has positive R&D expenditure. R&D Intensity R&D expenditure per employee in t-2 to t (in logs).
Process innovation
Dummy variable which takes the value 1 if the enterprise reports having introduced new or significantly improved production processes during t-2 to t.
Product innovation
Dummy variable which takes the value 1 if the enterprise reports having introduced new or significantly improved products during t-2 to t (new to the market or only new to the firm).
Basic Productivity
Sales per employee (in logs).
Investment intensity
Gross investments in tangible goods per employee (in logs).
Market Share
Sales divided by total sales in 3-digit subsector (in logs).
Human Capital
Percentage of employees with higher education.
Factors hampering innovations Cost factors
Dummy variable which takes the value 1 if the lack of funding (internal and exter-) nal is an important factor or innovation costs are too high during t-2 to t.
Knowledge factors
Dummy variable which takes the value 1 if the lack of qualified personnel, lack of information on markets or difficulty in finding a cooperation partner for innovation has high importance during t-2 to t.
Market factors
Dummy variable which takes the value 1 if market rigidities or uncertain demand levels have high importance during t-2 to t.
Non-innovative reason
Dummy variable which takes the value 1 if innovation is not necessary due to previous innovations or there is no demand during t-2 to t.
Sources of information Internal sources
Dummy variable which takes the value 1 if information from sources within the enterprise or group has high importance during t-2 to t.
Market sources
Dummy variable which takes the value 1 if information from suppliers, clients, competitors or private R&D institutions has high importance during t-2 to t.
Institutional sources
Dummy variable which takes the value 1 if information from universities, public research organizations or technology centres has high importance during t-2 to t.
Other sources
Dummy variable which takes the value 1 if information from conferences, scientific reviews or professional associations has high importance during t-2 to t.
Appropriability/Public Funds Protection
Dummy variable which takes the value 1 if the enterprise uses patents, a design pattern, trademarks, or copyright to protect inventions or innovations during t-2 to t.
Subsidy
Dummy variable which takes the value 1 if the enterprise received central, local or EU funding for innovation projects during t-2 to t. 
Firm Size
